Dear Editor, 

We are pleased to submit a revised version of our “Random Forest Model for Feature-based Alzheimer's Disease Conversion Prediction from Early Mild Cognitive Impairment Subjects” manuscript for consideration at PLOS ONE. The comments provided by the reviewers were very helpful in strengthening the structure and idea of the paper.  

We have individually addressed the feedback received and have made considerable changes to the content of the work. Please find our responses in blue below for each reviewer comment. 

Both authors have been involved in these revisions and have approved the resubmission. We hope that these revisions address the reviewers’ concerns, and that this version is more fitting for publication. Thank you very much for taking the time to review our work in-depth and we look forward to your response.

Sincerely,
Matthew Velazquez & Dr. Yugyung Lee


Reviewer 1:  
(1) There is an inconsistency (repeated three times in the paper) in terms of how many cases were used. On the one hand, the authors say they used 383 EMCI cases. However, they break it down into 49 cases that converted to AD, and 335 that did not convert, which doesn't add up.
Thanks for catching this. We have corrected the typos to 334 for the EMCI_NC amount.

(2) The data set was broken up into 288 training and 95 test cases (again, this is not equal to 49+335). However, the authors did not specify how the split was done (presumably at random?). Was any cross-validation used?
Thanks again for finding this inconsistency. As above, we have corrected the typos to reflect the correct sum. We have also added text to detail the randomness of the training/validation split within our methods section as this was previously missing. Regarding cross-validation, we had originally included it in our code as a training output along with the confusion matrix and AUC. However, upon further literature review it appears that cross-validation is not necessary with Random Forest due to the multiple bagging approach that it uses. As a result, we chose to leave it out of the main body but could include that if desired. Here are a few of the discussions that we had observed:
https://www.kaggle.com/c/titanic/discussion/10089
https://stats.stackexchange.com/questions/283760/is-cross-validation-unnecessary-for-random-forest
https://stats.stackexchange.com/questions/365201/k-fold-on-a-random-forest 
(3) Since there is a statistically significant difference in age between the patients in the database who converted to AD and those who didn't, did the authors consider creating a smaller dataset where age would be matched between the two groups?
Thank you for this suggestion as we had not considered this initially. To account for this we trained on a smaller dataset that eliminated Age outliers until the Age class difference was not statistically significant. Additionally, the Age difference was not statistically significant when measuring against Feature Importance between classes. We have modified the Demographic and Clinical Characteristics section to include these new observations. 
(4) The approach of balancing data by oversampling the patients who converted to AD was interesting.
Thank you! We have added significantly more detail regarding our over-sampling algorithm method as well as a comparison against others within the ‘Balancing the Data’ sub-section.
(5) The discussion on feature importance was nicely presented. However, to improve clarity, I suggest that the way of calculating importance (p. 8, lines 202-204) be presented in mathematical form rather than in words. Is this a common way of reporting feature importance for RF algorithms?
Per your suggestion, we have added formulas detailing the feature importance calculations to the ‘Assessment of model feature importance’ sub-section as well as expanding the text to improve clarity as to how the importance is derived.
(6) In Table 2, it might be insightful to report ranges for the number of years between first diagnosis and conversion to AD (for those who converted), and number of years of follow-up (for those who didn't).
Thank you for this suggestion as this will help the readers understand the data set better. Per your suggestion, we have added Time to AD Conversion and Time in Study rows to Table 2.

(7) Overall, the paper is well written in clear and concise language. There are just a few typos:
p. 2, line 16: "Random Forest is..." -> "A Random Forest is..."
p. 2, line 18: "...and has been..." -> "...and that has been..."
p. 2, line 18: "In our work, this Random..." -> "In our work, a Random..."
p. 2, line 22: "Through Random Forest..." -> "Through a Random Forest..."
We have revised this verbiage per your recommendations.

(8) I notice that the references appear to be from 2019 and earlier. Given the incredible number of publications coming out in machine learning applied to clinical problems, I strongly urge the authors to search once more for recent (2019 and 2020) papers, say on using random forests in dementia (including those that make use of imaging such as MRI or PET). This will make the Reference list more complete than it currently is.
We appreciate this comment as it allowed for us to expand our Related Work section to present a stronger argument of our model’s differences. Upon further literature review, we added the following references to our work:
10.Rana SS, Ma X, Pang W, Wolverson E. A Multi-Modal Deep Learning Approachto the Early Prediction of Mild Cognitive Impairment Conversion to Alzheimer’sDisease. Institute of Electrical and Electronics Engineers (IEEE); 2020. p. 9–18.
11. Thushara A, Ushadevi Amma C, John A, Saju R. Multimodal MRI BasedClassification and Prediction of Alzheimer’s Disease Using Random ForestEnsemble. In: Proceedings - 2020 Advanced Computing and CommunicationTechnologies for High Performance Applications, ACCTHPA 2020. Institute ofElectrical and Electronics Engineers Inc.; 2020. p. 249–256.
Additionally, we have included them as part of our results comparison in Table 5.

(9) For completeness, I encourage the authors to explicitly state the number of trees in their RF in the abstract (and possibly in Table 2, even if it means leaving blank entries for the other approaches from the literature), and to report some measure of computational cost (say, run time to train the RF).
Per your suggestion, we have added the number of estimators to our abstract section. We have also added these estimators to Table 5 alongside a new Training Time column that reflects the computational cost. Thanks again for all the feedback!

Reviewer 2:  
1. The dataset for EMCI_C is extremely small compared to the non converted class. Although, the authors provide a brief explanation of circumventing the imbalanced dataset issue, it is not enough. Precisely, how was the oversampling and undersampling done? Depending on the sampling technique, the prediction performance can vary. Did the authors try to use existing methods, for example, SMOTE, SMOTEBoost, SHRINK or compare theirs against these? This section deserves more attention because the conclusions drawn in the paper would not have been possible with the imbalanced nature of the raw dataset. Thus proper methods and relevant explanations are required. Also, justification needs to be provided as to why the number of visits were optimized to do the oversampling and undersampling?
Thanks for the comments as this helped us bolster our methods section. We have expanded greatly upon the Balancing the Data section and have included comparisons to SMOTE, Borderline SMOTE, and ADASYN. This involved retraining the model with each of those methods and then reporting their results in Table 3. We have also included additional text to improve clarity regarding the pre-augmentation and post-augmentation visits as well as more detail on the Random Oversampler algorithm within the same section. 

2. Using this classifier, how many months prior to conversion can the MCI to AD conversion be predicted?
Since our classifier is trained on Early MCI patients rather than the broader MCI, we are able to predict conversion from 5-7 years prior to AD diagnosis. We have added this range as a new column within our Table 5 comparisons.

3. The authors have used a logistic regression model as one of the competitors for RandomForest. Please use the 6 feature selection, 9 feature selection, and other variables as covariates in the Logistic regression model and then estimate the accuracy of conversion. That way, the benefits of a logistic regression model van be fully exploited and a fair comparison between randomForests and Logistic regression would have been done.
We have added additional text within the Methods section to clarify the feature grouping training for the Logistic Regression models that we evaluated. In addition, we compare these versions in Table 4.

4. The individual wise prediction is a little too far fetched with too many variables being accounted for in a single individual and contribution of different factors estimated for the prediction. Also this is just a set of 5 individuals out of an already small dataset. So better to remove this segment from the paper.
We appreciate that you brought this to our attention. As a result, we have drastically reduced the speculative text that was previously present within the “Assessment of individual predictors’ feature importance” section. We have also redesigned our existing tables into two new tables (8 and 9), which  displays patient examples stratified by class. In combination with the new Feature Importance formulas and the ranking table (Table 6), this allows for a more mathematical and less speculative assessment to be inferred by the reader.


